Virtual screening (Vs) methods can drastically accelerate global drug discovery processes. Among the most widely used VS approaches, Shape Similarity Methods compare in detail the global shape of a query molecule against a large database of potential drug compounds. Even so, the databases are so enormously large that, in order to save time, the current VS methods are not exhaustive, but they are mainly local optimizers that can easily be entrapped in local optima. It means that they discard promising compounds or yield erroneous signals. In this work, we propose the use of efficient global optimization techniques, as a way to increase the quality of the provided solutions. In particular, we introduce OptiPharm, which is a parameterizable metaheuristic that improves prediction accuracy and offers greater computational performance than WEGA, a Gaussian-based shape similarity method. OptiPharm includes mechanisms to balance between exploration and exploitation to quickly identify regions in the search space with high-quality solutions and avoid wasting time in non-promising areas. optipharm is available upon request via email.
The discovery of new drugs is a very expensive process, frequently taking around 15 years with success rates that are usually very low 1, 2 . Many experimental approaches have been used for discovering new compounds with the desired pharmacological properties, ranging from traditional medicine 3, 4 to High Throughput Screening (HTS) infrastructures 5, 6 . The latter is mostly used by the Pharma Industry, but little by academic research groups; in other words, its application is not widespread outside the industrial domain. In order to avoid these limitations, new techniques based on principles of Physics and Chemistry were developed about three or four decades ago for the computer simulation (mainly using high-performance computing architectures) of systems of biological relevance 7, 8 . Computational chemistry was later applied for processing large compound databases, and also for predicting their bioactivity or other relevant pharmacologic properties. Using this approach, it was shown that it was possible to use such computational methodology to pre-filter compound databases into much smaller subsets of compounds that could be characterized experimentally. This idea was named Virtual Screening (VS), and it reduces the time needed and expenses involved when working on drug discovery campaigns 9, 10 . Nonetheless, the accuracy of the predictions made with VS methods still needs to be improved to avoid discarding promising compounds or providing erroneous signals and the time needed for their calculations still needs to be reduced. The inaccuracies in the predictions of VS methods are mostly due to the simplifications used in their scoring functions 11 . VS methods can be divided into Structure-Based (SBVS) and Ligand-Based (LBVS) methods. When the structure of the protein target is known, SBVS can be applied, and methods such as molecular docking 12 and Molecular Dynamics 13 are employed. But the number of already resolved crystallographic structures is still insufficient
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In SSM, a large database of compounds is processed against a molecular query, to provide information concerning which of the molecules from the database is geometrically similar, in terms of global molecular shape, to the input molecule used. Indeed, different strategies exist for shape calculation. One of the most widely used is the Gaussian 25 model. Tools such as ROCS 26 , WEGA 27 , SHAFTS 28 and Shape-IT 29 use it. The main differences between SSM reside in the accuracy of the predictions. It has been demonstrated that, depending on the compound dataset, some methods perform better than others 30 , but there is currently no one-size-fits-all approach that can be considered first choice for any molecular dataset. Besides, the computational time needed for the calculations is also of the utmost importance.
Among the previously commented SSM methods, we consider WEGA to be the state of the art in terms of accuracy of the predictions, while ROCS is considered to be the state of the art in terms of computational speed. For achieving such performance, ROCS introduced a number of drastic short-cuts for efficiency for computing overlap volumes between molecules 31 . For instance, all hydrogen atoms are ignored as they make very small contribution for the overall molecular shape, and all heavy atoms are set with equal radii. Besides, the most critical simplification in ROCS is that the shape density function of each molecule contains only the first-order terms, and all higher order terms in the original Gaussian approach 25 are omitted. This significantly simplified ROCS computations but also received criticism for the inaccuracy of this approximation 23 ; mainly that the molecular volumes are significantly overestimated. And since the Gaussian shape algorithms are widely used in various VS methods, it is important to avoid errors introduced to the shape similarity calculation due to this overestimation of the volumes.
WEGA was the first method that partially solved some of these ROCS issues by avoiding the use of only first-order terms and incorporating more terms, at the expenses of increasing computation costs, but increasing accuracy of the calculations, which is desirable in the drug discovery context.
In this work, we introduce a novel SSM method named OptiPharm, which introduces a new optimization scheme that can be adapted through extensive parameterization to relevant features of molecular datasets, such as average size, shape, etc. In other words, OptiPharm is an evolutionary method for global optimization, which can be parametrized to different aims. SSM methods with extensive parameterization at the search level have not been practically explored in the VS context. The most of techniques are local optimizers which do not sufficiently explore the search space. As the results we later show, making an effort to deeply explore the whole search space can be of a great interest to increase hit rates in drug discovery projects.
Method
This section describes the main idea behind shape similarity calculations and its application in the drug discovery process using the new OptiPharm method. Next, the optimization algorithm used in similarity screening calculations is presented and, finally, the benchmarks used in this study are explained in detail.
shape similarity. The similarity score between molecules A and B is computed as the overlapping volume of their atoms. In particular, to compare the results obtained by OptiPharm with those achieved by WEGA, the similarity function is implemented as in WEGA 27 . For the sake of completeness, this function is written in the following form:
AB g i A j B i j ij g
, where w i and w j are weights associated with the atoms i and j, respectively. This weight is calculated by solving the following mathematical expression: where p is a parameter that controls the softness of the Gaussian spheres, i.e., the height of the original Gauss function, and σ is the radius of the atom. More precisely, the radius represents the well-known van der Waals radius. The values associated to those two parameters are obtained by empirical knowledge. For the problem under consideration, the same figures proposed in WEGA 27 are considered. Notice that the score obtained from Equation 1 depends on the number of atoms of the two compared molecules, i.e., the higher this number, the longer the value of V AB g . In reality, it lies in the interval [0, +inf). To be able to measure the grade of similarity between compounds, independently of the number of atoms that compose them, the Tanimoto Similarity 32 value is computed: where V AA and V BB is the self-overlap volume of molecules A and B, respectively. It has a value in the range [0, 1] , where 0 means there is no overlapping, and 1 means the shape densities of both molecules are the same.
previous approaches. WEGA is a local optimizer conceived to maximize the overlapping between two molecules A and B, given as input parameters. To direct the search, it computes the derivate of the objective function Tc, which specifically considers Equation 1. It means that WEGA can be only applied when the similarity of two molecules is measured by means of such an equation. WEGA starts the search with an initial solution and moves it from neighbor to neighbor as long as possible while increasing the objective function value. The main advantage of WEGA is its ability to find a solution in a sufficiently short period of time. On the contrary, its main drawback is its difficulty to escape from local optima where the search cannot find any further neighbor solution that improves the objective function value, i.e., the quality of the final solution closely depends on the considered starting ligand pose, obtained from the conformation of the molecular query. To deal with this drawback and to increase its probability of success, WEGA considers more than a single starting point. More precisely, it applies the local optimizer from four different poses. The first one is obtained by aligning and centering the two input molecules at the origin of the coordinates. The remaining ones are obtained by rotating the first one 180 grades at each axis 27 . The interested reader can revise literature [33] [34] [35] for the research progress of WEGA algorithm and some of its applications. In this work, we consider that it is possible to find a better trade-off between quality of the solution and computing time.
optimization algorithm. OptiPharm is an evolutionary global optimizer, available upon request. It can be considered a general-purpose algorithm, in the sense that it can be used to solve any optimization problem that involves the computation of the similarity of two compounds given as input parameters. In other words, it is independent of the objective function used to measure the similarity between two given molecules. Nevertheless, in this work, its performance is illustrated by solving a maximization problem which consists on finding the s solution which maximizes the Tc function previously defined.
OptiPharm is a global optimization method in the sense that it makes an effort to analyze the whole search space looking for promising areas where the local and global optima can be. In other words, instead of focusing on a set of pre-specified starting points, as WEGA does, it applies procedures to find promising subareas of the search space, which will be deeper analyzed during the optimization procedure. OptiPharm applies procedures based on species evolution to gradually adjust one of the molecules (the query) to the other one (the target), which remain fixed during the optimization procedure.
A solution s represents the rotation and translation to be accomplished by the query. More precisely, s is a quaternion of the form s = (θ, c 1 , c 2 , Δ), where θ is the rotation angle to be carried out over a rotation edge defined by the points c 1 = (x 1 , y 1 , z 1 ) and c 2 = (x 2 , y 2 , z 2 ), and Δ = (Δx, Δy, Δz) represents a displacement vector. It should be borne in mind throughout that a quaternion indicates the rotation and the translation applied to the variable molecule from its initial state.
The parameters associated to a quaternion s are bounded. Since each pair of input compounds can have different sizes, the corresponding limits are dynamically computed by OptiPharm, for each particular instance. To do so, the 3D boxes containing the input compounds are calculated. Then, the bound values for both c 1 and c 2 are set to the borders of the box containing the variable molecule. Notice that the same axis can be given by an infinite number of two coordinates. In this way, redundancy is prevented, which is very important from an optimization point of view, since exploring the same solutions several times makes the algorithm inefficient. The interval of Δ is set to [−maxD, maxD], being maxD the maximum difference between the boxes. This avoids the evaluation of situations where no overlapping exists between molecules, and the similarity between them is clearly zero (see Fig. 1 ). Finally, the angle θ is always set in the interval [0, 2π], independently of the compounds considered as input parameters.
The bound values of the quaternion components define a multidimensional search space (or feasible region) with multiple local and global optima.
OptiPharm is a new metaheuristic for global optimization. OptiPharm includes mechanisms to detect promising subareas of the search space and to discard those in which no global optima are expected to be found. In other words, instead of focusing on some fixed starting solutions, OptiPharm attempts to detect new ones which have the potential to become local or global optima. To do so, OptiPharm initially works on a set of M solutions (quaternions), called population. The quaternions can be considered as independent starting points on which OptiPharm applies reproduction procedures based on natural evolution. The term independent signifies that a point has the ability to discover new promising poses (in this work we use the concept of pose as rigid body rotations and translations obtained from starting conformation of query compound) without the participation of the rest of the population. As a consequence, offsprings of new promising solutions can appear. Then, from among all the existing poses, the best M solutions will be promoted to the next stage, where they are improved by means of a local optimizer. This reproduction-replacement-improvement sequence is repeated until a number of iterations t max is achieved (see Fig. 2 ).
But the real strength of OptiPharm lies on the concept of radius: each solution in the population has an associated radius value, which determines a multidimensional subarea of the search space. It can be understood as a window, where the reproduction and improvement methods are applied. The radius associated to a pose depends on the iteration i where it has been discovered. More precisely, the radius R i of a new point, found during the reproduction procedure at iteration i, comes from an exponential function that decreases as the index level (cycles or generations) increases, and which depends on the initial domain landscape (the radius at the first level, R 1 ) and the radius of the smallest candidate solution R t max , which is given as input parameter. This radius mechanism, designed as a balance between exploration and exploitation, is inherited from UEGO, a general optimization method widely used in the literature with promising results
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. During the execution of OptiPharm, several candidate solutions with different radii can coexist simultaneously which means that the method is able to analyze both big and small subregions at the same stage of the optimization procedure as it looks for valuable new solutions (see Fig. 3 ). Apart from the maximum number of starting solutions M, the number of iterations t max and the smallest radius value R t max , OptiPharm has another input given parameter: the maximum number of function evaluations for the whole optimization procedure, N. These function evaluations are distributed among the candidate solutions at each iteration, in such a way that each one has a budget to generate new solutions and to improve them. These budgets are mathematically computed by means of equations that depend on the previously mentioned input parameters. Again, this idea has been borrowed from UEGO 36 . In a previous work 37 the effects of the different parameters of UEGO and, hence, of OptiPharm were analyzed. Moreover, some guidelines to fine-tune the parameters depending on the problem to be solved were also proposed.
Finally, it should be noted that, unlike most heuristics in the literature, the termination criteria of OptiPharm is not based on the number of function evaluations N, but on the number of iterations t max . This point is important since the number of function evaluations consumed by OptiPharm depends on the particular case being solved. In other words, OptiPharm adapts itself to the complexity of the problem considered.
In the following subsubsections, the key stages of OptiPharm are explained.
Initialization method. In the initialization phase, the two input molecules are aligned and centered at the origin of the coordinates (see Figure 5 shows the five initial solutions achieved for a particular instance with M = 5. As can be seen, there is always some overlap between both molecules. Consequently, the objective function is always greater than zero, while the radius value associated to all the initial poses is equal to R 1 . Notice that such a value is equal to the diameter of the search space.
Reproduction method. The reproduction method is in charge of exploring the different subareas defined by the radius of each pose s in the population (see Fig. 3 ). The idea is to find new promising solutions which can evolve toward local or global optima at later phases of the algorithm. Each subarea is analyzed independently of the remaining ones. The process is as follows:
From each pose s i in the population, new candidate solutions s ij are randomly computed in the area defined by its radius (see Fig. 6(a) ). Additionally, for each pair of trial solutions (s ij and s ik ), the middle point (Mid(s ij , s ik )) of the segment connecting the pair is computed (see Fig. 6(b) ). Then, the objective function value of the extreme points (f(s ij ) and f(s ik )), as well as the middle point (f(Mid(s ij , s ik ))), is computed. If any objective function value of these new generated points is better of the original solution s i , it will be updated, i.e., the centre of that subarea s i will be the one with the best objective function value. Additionally, if the objective function value in the middle solution is better than that of the extreme points, it may mean that it is in a hill (see Fig. 6(b) ), so that it is considered a candidate to be included in the population list. On the contrary, the endpoints will be inserted as new poses. The radius of the new pose in the population will be that one associated with the current iteration. Figure 6 (c) shows a summary of the whole process by keeping the references to the names in Fig. 6(a,b) .
Replacement method. After the reproduction method has been applied, it is highly probable that the size of the population will be greater than the population size given by the input parameter M. Therefore, a mechanism for selecting the surviving solutions must be applied. Different types of replacements exist but, in this work, a Improvement method. In order to introduce some noise into the search process, and hence avoid the convergence to local optima, a mutation operator is usually applied to the new offspring. Then, in most evolutionary or genetic algorithms, mutation mechanisms are included in the optimization procedure, which runs small random changes to the new individuals. However, for the present problem, the use of improvement methods has better shown to better approximate the poses towards the optima. The improvement method implemented in OptiPharm is the local search method SASS, initially proposed by Solis and Wets 38 . It has been chosen mainly because it is a derivative-free optimization algorithm that can be applied to maximize any arbitrary function over a bounded subset of  N . Several modifications have been included to adapt SASS to the problem at hand. In the following they are briefly described.
Algorithm SASS internally assumes that the range in which each variable is allowed to vary is the interval [0, 1] . Since this is not our case, when necessary we use a function to rescale (normalize) the variable values to the interval [0, 1] , and the function denorm to invert this process. In SASS, the new points are generated using a Gaussian perturbation  ξ ∈ 3 over the search point (x,α) and a normalized bias term  ∈ b 3 to direct the search. The standard deviation σ specifies the size of the sphere that most likely contains the perturbation vector. In this work, its upper bound σ ub should have the same value as the normalized radius of the caller solution. Then, the parameter σ ub is also considered an argument of SASS. Hence, any single step taken by the optimizer is no longer than the radius of the calling candidate solution. Finally, the stopping rules are determined by a maximum number of function evaluations (fe max ) and by the maximum number of consecutive failures (Maxfcnt).
OptiPharm applies SASS to every pose in the population. See Fig. 7 for an illustrative example of its performance.
Computational Experiments Framework
Hardware setup. All the experiments carried out in this work have been executed in a Bullx R424-E3, which consists of 2 Intel Xeon E5 2650v2 (16 cores), 128 GB of RAM memory and 1 TB HDD. Methodology to test the performance of the algorithms. OptiPharm is a computer program which implements an evolutionary optimization algorithm which includes randomness in the search procedure. Then, in order to test its performance, we run each particular instance several times and we provide some statistical metrics, as usually is done when testing any heuristic algorithm in works in literature [39] [40] [41] [42] [43] . From a statistic point of view, a minimum number of 30 samples need to be considered for this 44 . Nevertheless, in this work, each particular instance has been run 100 times to increase confidence in the results. Then, figures as the average value and the standard deviation are computed to analyze its effectiveness and efficiency. It is important to highlight that executing several times a particular instance is only a methodology to analyze the robustness of the algorithm, but in the real world scenario, OptiPharm only needs a single run to provide reliable results.
Regarding WEGA, it is only run once for each particular instance, since it is deterministic (it uses a descent gradient method) and different executions always produce the same result.
Benchmarks. Unlike OptiPharm, WEGA does not consider the hydrogen atoms in the shape similarity calculations. To be able to compare the results provided by both algorithms, OptiPharm has been configured to omit the hydrogens when computing the shape similarity score. Additionally, as WEGA does 27 , all the heavy atom radii have been set to 1.7 Å. Furthermore, all compound pairs are centred and aligned in the same way. Consequently, the molecule centroids have been located at the coordinates centre of the search space. Finally, each molecule has been aligned in such a way that its longest axis has been oriented at X-axis and the shortest along the Z-axis.
The underlying OptiPharm algorithm is parameterizable, which means that it can be fine-tuned depending on the user's preferences. So users may prefer to obtain high-quality solutions at the expense of slightly increasing the computational effort, while others may want an acceptable solution with reasonable computing time. In this work, the parameters that control OptiPharm were tuned by trying several combinations of parameter values with a reduced set of problems, and following the guidelines described in a previous work 37 . As a consequence, two different sets of input parameters are proposed, given rise to two versions of OptiPharm with different aims:
(i) OptiPharm Robust (OpR). In this case, the set of input parameters is chosen to make OptiPharm reliable and robust; in other words, to allow OptiPharm to deeply explore and exploit the search space in the search for the best possible pose. From the previous paragraphs, one could infer that the number of starting poses, M = 5, and the number of iterations, t max = 5, can be fixed independently of the goal pursued, while the smallest radius R t max , and most Example. The local optimizer SASS has been used as Improvement method. This figure shows the performance of SASS for a 2D case. SASS is a derivative-free optimization algorithm that can be applied to maximize an arbitrary function over a bounded subset of  N . It looks for an improving direction and moves the starting point along it by making changes of different sizes (if the number of consecutive successes is larger than a pre-specified value, then the advance along the suggested searching direction will be longer; otherwise, the size of the step will be reduced. The area of action of the optimizer is limited by the corresponding radius. In OptiPharm, the stopping rule of SASS is determined by a maximum number of function evaluations and by the maximum number of consecutive failures. importantly, the number of function evaluations N have a bigger influence in both the effectiveness and the efficiency of the algorithm. Four computational studies were designed by considering the well-known Food and Drug Administration (FDA) 45 , Directory of Useful Decoys (DUD) 46 , Directory of Useful Decoys -Enhanced (DUD-E) 47 and Maybridge datasets. In the following sections, they are briefly described.
FDA. The FDA, a federal agency of the United States Department of Health and Human Services, is responsible for protecting and promoting public health by controlling, among other things, prescription and over-the-counter pharmaceutical drugs (medications). This agency provides a data set containing 1751 molecules, which represents approved medicines that can be used with safety in humans in the USA. It is a common practice 48 , in the current scenario, to identify which compound pairs in the FDA database share a high degree of shape similarity. To compare the performance of both OptiPharm and WEGA, a set of 40 query compounds were randomly selected from this database. In order to obtain a representative set of samples, the FDA dataset was initially sorted according to the number of atoms of the compounds, and divided into 24 intervals (see Fig. 8 ). Then, a subset of compounds was randomly chosen for each interval. The number of selected samples in each interval was proportional to the number of compounds it included.
DUD. Tests were also carried out applying shape similarity calculations and using different sets of molecules that are known to be active or inactive, and standard VS benchmark tests, such as the DUD 46 , whereby VS methods check how efficient they are at differentiating ligands that are known to bind to a given protein target, from non-binders or decoys. Input data for each molecule of each set contain its molecular structure and information about whether it is active or not. Information about active molecules for each protein of the DUD set was taken from experimental data. Decoys were prepared in order to resemble active ligands physically, but at the same time, to be chemically different from active molecules, making it very unlikely that they would act as binders. On average, for each ligand it is possible to find 36 decoy molecules that are very similar in physical terms, but with a very different topology. Details about how decoys were prepared (selected from already existing molecules in the ZINC database) can be found in the literature 1. The initial database was built using 3.5 million Lipinski-compliant molecules from the ZINC database of commercially available compounds (version 6, December 2005). 2. Feature key fingerprints were calculated using the default type 2 substructure keys of CACTVS 49 and the fingerprint-based similarity analysis was performed with the program SUBSET. Compounds with Tc values lower than 0.9 to any annotated ligand (named as actives) were selected. This reduced the number of ZINC compounds to 1.5 million molecules topologically dissimilar to the ligands. 3. The program QikProp (Schrodinger, LLC, New York, NY) was used to calculate 32 physical properties of all the annotated ligands and selected ZINC compounds from the previous step, and QikSim (Schrodinger, LLC, New York, NY) was applied to prioritize ZINC compounds possessing similar physical properties to any of the ligands. 4. A weight of 4 was used to emphasize the druglike descriptors (molecular weight, number of hydrogen bond acceptors, number of hydrogen bond donors, number of rotatable bonds, and log P), while the rest of the descriptors were ignored (weight 0) during the similarity analysis procedure. 5. Finally, thirty-six decoy compounds were selected for each ligand, leading to a total of 95316 decoys that were similar in terms of physical properties but topologically dissimilar to the 2950 annotated ligands. The total number of decoys is less than 36 times the number of annotated ligands because some ligands had the same decoys. The original DUD database downloaded from http://zinc.docking.org has been used.
DUD-E.
The DUD-E 47 is a well-known benchmark for structure-based virtual screening methods from the Shoichet Lab at UCSF 47 . The methodology of the DUDE benchmark is fully described in its original work 47 . Briefly, the benchmark is constructed by first gathering diverse sets of active molecules for a set of target proteins. Analogue bias is mitigated by removing similar actives; similar actives are eliminated by first clustering the actives based on scaffold similarity, then selecting exemplar actives from each cluster. Then, each active molecule is paired with a set of property-matched decoys (PMD) 50 . PMD are selected to be similar to each other and to known actives with respect to some 1-dimensional physicochemical descriptors (e.g., molecular weight) while being topologically dissimilar based on some 2D fingerprints (e.g., ECFP 51 ). The enforcement of the topological dissimilarity supports the assumption that the decoys are likely to be inactive because they are chemically different from any know active. The benchmark consists of 102 targets, 22,886 actives (an average of 224 actives per target) and 50 PMD per active 52 . The original DUD-E database downloaded from http://dude.docking.org/ has been used in this work.
Maybridge. Maybridge 53 Screening Hit Discovery collection (over 53,000 compounds) is a commercial library of small hit-like and lead-like organic compounds of high diversity (Tanimoto Clustering at 0.9) 54 , that covers ca. 87% of the 400,000 theoretical drug pharmacophores with general compliance with the Lipinsky rule of five and of good ADMET properties. The HitCreatorTM Collection (selection of 14,400 of Maybridge screening compounds) aims to represent the diversity of the main collection covering the drug-like chemical space. Maybridge also offers a fragment library (30,000 fragments), a hit-to-lead building block collection, and a Ro3 2500 diversity fragment library (2500 fragments) with a Tanimoto similarity index of 0.66 (based on standard Daylight fingerprinting), assured solubility, optimized for SPR and Ro3 compliant. It provides special collections of Fluoro 55 , Fluoro and Bromo-fragment libraries 56 . The original Maybridge database downloaded from https://www.maybridge.com has been used in this study.
The AUC metric. In this work, to measure the goodness of the algorithms when distinguishing between ligands and decoys, the Area Under a ROC Curve (AUC) was computed, as previously done in other related papers 27 . See 57 for an in-depth description of calculation. Broadly speaking, the AUC of a set of elements is computed by considering a descriptor value that is associated to each element.
For the problem at hand, such a descriptor is given by Equation 4 , which measures the shape similarity between two molecules, A and B. However, before computing the AUC, given a query molecule and a set of molecules the similarity to which is to be computed, a optimization problem must be solved to obtain the shape similarity scores for each molecule in the set. Then, the list is sorted in descending order according to the shape similarity values. Without going into detail, an AUC value equal to 1 means that such a particular algorithm has been able to differentiate perfectly between two datasets -in our case, between ligands and decoys. In other words, it is possible to determine a cut-off point (a real value) which divides the list into two intervals that contain all the decoys and ligands, respectively. When it is not possible to determine only two intervals, more cut-off points should be considered in an incremental way. Of course, the larger the number of intervals, the smaller the AUC value. However, AUC values smaller than or equal to 0.5 mean the algorithm has poor effectiveness, i.e., a random method would have achieved a similar classification.
Results and Discussion
Results obtained for FDA database. It is important to mention that for all the algorithms and all the instances, a score equal to 1 is obtained when a molecule is compared to itself. Thus, from here on, when we mention "the molecule with the highest shape similarity to a query compound", and noted by BestComp, we exclude the case where target molecule and query are equal. Table 1 shows, for each query compound, its number of atoms (nA), the other compound from the FDA database with the highest shape similarity (BestComp) and the associated function score (Tc), according to OpR, OpF and WEGA. As can be seen, the OpR algorithm provides the highest shape similarity values Tc, although it is also the most time-consuming method according to Table 2 . This means that better predictions can be accomplished by using OpR when there are no time constraints. However, if lower execution times are required, algorithms such as OpF or WEGA should be considered.
To the best of our knowledge, no algorithm, method or program exists that is able to provide with certainty the most similar molecule to a given query compound. Until this work, WEGA was the algorithm providing the most optimal shape similarity values 27, 34 . Now, as can be seen in Table 1 , OpR improves on WEGA in terms of the ability to find higher values of shape similarity when processing a query compound against a ligand database. Therefore, to analyze the effectiveness of OpF and WEGA in term of their predictions, the solutions provided by OpR will be considered the optimal ones.
As can be seen in Table 1 , the predictions of WEGA coincide with those of OpR in 22 out of 40 cases, while OpF does it in 30 out of 40 occasions. This represents a small advantage to OpF against WEGA in terms of success in the predictions. Additionally, from Table 2 , which shows the computing times, one can appreciate that OpF is quicker than WEGA.
Furthermore, it is important to study the instances where the predictions of OpF and WEGA do not coincide with those achieved by OpR. This occurs in 18 out of 40 cases for WEGA, and 10 times for OpF. Then, for each particular query, the 1751 compounds are sorted in descending order according to the shape similarity value obtained by OpR. Next, it is computed the position i in the list where the BestComp achieved by OpF (resp. WEGA) is, and which one shape similarity value, Tc(OpR). This information is shown in 9 for OpF and WEGA, respectively. Broadly speaking, in most of cases the predictions carried out by OpF are located in a better position in the OpR list than the predictions proposed by WEGA.
It is important to mention that, in general, OptiPharm is designed to maintain population diversity and to investigate many promising poses in parallel, avoiding the genetic drift towards a single (local or global) optimal pose. However, depending on the selected set of parameters, the accuracy when approximating to the optima may be higher or lower. For this reason, OpF has been fine-tuned to explore the search space looking for the most promising poses, but without wasting time by "polishing" them. In optimization terms, the input parameters are selected to determine the highest peaks in the search space, but not to actually reach the top of the highest peak. Even when OpF proposes as BestComp the same compound as OpR (or even WEGA), its shape similarity value may be smaller. If the algorithm is allowed to run longer, as with OpR, the identified poses can be polished, increasing the score value. In this case we prioritize the computational effort. Figure 9 depicts a graphical example of this fact, specifically the query DB09236 from the FDA database, whose result can be seen in Table 1 . Considering this query, OpR reveals that DB00270 is the compound which maximizes the shape similarity function, with a score value equal to Tc = 0.672 (see Fig. 9(a) ). OpF reveals that molecule DB01115 maximises the shape similarity function with a score value equal to Tc = 0.615. Finally, WEGA reveals that the molecule DB01433 maximizes the shape similarity function with Tc = 0.662. Apparently, WEGA achieves a more similar compound than OpF, since it provides as solution a compound with a higher score than the one proposed by OpF. However, when OpR optimizes the query with the molecule DB01115 proposed by OpF, it provides a score value of 0.669 (see Fig. 9(b) ). By contrast, OpR gives a value of 0.662 when it optimizes the query with the compound DB01433 given by WEGA, (see Fig. 9(c) ). This means that the solution provided by OpF is more similar in terms of shape than that of WEGA. Table 2 shows performance values among the different methods. Clearly, the slowest algorithm is OpR, since it has been fine-tuned to be robust and accurate. Even so, the time values are not extremely high when compared against the other two methods. In fact, taking into account the possibility of using high-performance computing to accelerate it (please, see Future Work Section), it would be perfectly justifiable to use Robust mode to increase the percentage success in the predictions. For its part, OpF is the fastest algorithm, reducing on average the computational effort of WEGA almost 3.5 times. Besides, as can be appreciated in the Speedup column, the lower the number of atoms, the greater the increase in speed obtained by OpF. Additionally, it is important to mention that OpF is able to adapt itself to the complexity of the problem to solve. Finally, it is interesting to remark that, in spite of the randomness included at some stages of the OptiPharm algorithm, its variability is almost negligible, as can be appreciated from the standard deviation values provided in Table 2 . Tables 3 and 4 show the results of testing the shape-based VS performance of both OptiPharm (in its two versions) and WEGA against the DUD and DUD-E databases, respectively. Metrics of AUC values and execution time have been computed. As previously was mentioned, to test the OptiPharm reliability, each particular instance has been run 100 times and average values have been computed. Furthermore, the corresponding SD has also been provided. Regarding WEGA, since it is deterministic, only one single execution has been carried out for each particular instance and the corresponding values have been shown.
Results obtained for DUD and DUD-E databases.
In general terms, the SD values obtained for OpR and OpF are quite small, which indicates that their variability is small, and that (i) they converge toward the same optima in spite of the included randomness and (ii) the computing time is practically the same when different executions of the same instance are carried out.
Focusing now on Table 3 , it is possible to infer that the three algorithms are equivalent in terms of accuracy of the predictions, i.e. they obtain about the same AUC values regardless of the considered instance. In fact, the average of the AUC values is practically equal, as can be seen in the last row of the table. Nevertheless, OpF is almost 5 times faster than WEGA and more than 16 times quicker than OpR.
Finally, similar conclusions than previously can be obtained for the DUD-E database (see Table 4 ). In terms of effectiveness, OpR and WEGA are comparable, since they obtain practically the same mean AUC value. On the contrary, OpF obtains an average AUC value slightly smaller. Nevertheless, OpF is more than 17 times faster than WEGA and more than 38 times quicker than OpR.
Results obtained when hydrogen atoms are considered. By default, WEGA does not consider hydrogen atoms during optimization, which is a common practice for most tools in the current scenario, since evaluation without hydrogens is less time-consuming. However, this simplification may have serious consequences in a VS process. In this work, the effect of excluding the hydrogens of the molecules when optimizing is analyzed. Table 5 shows number of atoms for the 40 query molecules selected from the FDA database when the hydrogens are not taken into account and when they are considered (columns 2 and 6 respectively). Additionally, the molecule BestComp from the FDA dataset, which maximizes the shape similarity and the corresponding score value Tc, both when the input molecules include the hydrogens and when they not, is shown. Notice that these experiments were accomplished using OpR since, according to the previous results, it is the most efficient algorithm. For the sake of completeness, the average execution time (in seconds), in both cases, has also been included. As it can be seen, in 15 out of 40 cases, the BestComp molecule differs, depending on whether the hydrogens are considered or not. Additionally, and as expected, the computing time decreases when hydrogens are not considered (see columns 5 and 9). This means that excluding the hydrogens of the molecules is not an appropriate simplification; although the computing effort is shorter, the molecule that which maximizes the shape similarity can change.
Finally, for a fair comparison in terms of score value, the optimized BestComp obtained by OpR when no hydrogens are considered is re-evaluated, but considering now the hydrogens. As we can see, the obtained score value is always smaller than the one obtained when the hydrogens are included (compare columns 8 and 10) . This means that the BestComp molecule found by OpR when the hydrogens are considered is indeed more similar than the one proposed when the hydrogens are excluded. The Fig. 10 illustrates this fact.
In addition, the impact on the classification when the hydrogen atoms are considered has also been evaluated when DUD and DUD-E databases are considered as input. The algorithms OpR and OpF have been selected to Tables 6 and 7 . Notice that WEGA has not been included in the study since it never considers the hydrogens. Broadly speaking, the mean AUC value increases slightly when the hydrogen atoms are considered in DUD database, for both OpR and OpF algorithms. See last row of Tables 3 and 6 . In particular, an increment of 0.03 (resp. 0.01) has been obtained for OpR (resp. OpF). In addition, for 23 out of 40 cases, OpR obtains better AUC values when the hydrogens are considered. Regarding OpF, it happens for 20 out of 40 instances.
The same increasing tendency can be appreciated in the mean AUC value when the DUD-E database is considered. Please, see Tables 4 and 7 . In this case, an increment of 0.02 has been obtained for both OpR and OpF Table 3 . DUD database. For each query compound, the average AUC value and the mean running time (in seconds) over 100 independent executions were computed with both OpR and OpF. For the sake of completeness, the SD is also provided for both OpR and OpF versions. WEGA is a deterministic algorithm, so it was only executed once and its computed AUC value and the execution time are included. The last row of the Table 4 . DUD-E database. For each query compound, the average AUC value and the mean running time (in seconds) over 100 independent executions were computed with both OpR and OpF. For the sake of completeness, the standard deviation SD is also provided for both OpR and OpF versions. WEGA is a deterministic algorithm, so it was only executed once and its computed AUC value and the execution time are included. The last row of the Tables 3  and 6 for DUD database, and Tables 4 and 7 for DUD-E benchmark. As can be seen, the time increases 2.9x times for both OpR and OpF when DUD is considered as input. For the DUD-E case, the increase is of 4.8x and 5.7x for Table 5 . Results obtained by OpR for 40 query compounds from the FDA database. Two experiments were carried out, one excluding the hydrogen atoms for all the molecules (a common practice in most VS tools in the literature) and the other hand considering the hydrogens in all the molecules. For each study and query, its nA without and with hydrogens, the BestComp with the highest Tc and the computing time, in second, are shown. Finally, the optimized BestComp obtained when no hydrogens are considered is re-evaluated, but including the hydrogens (last column). OpR and OpF, respectively. Of course, the larger the number of atoms considered for a compound, the higher the computing time associated to its evaluation, but the more realistic the associated scoring function value. Therefore, based on the results, it can be concluded that a more realistic classification of compounds can be obtained if hydrogen atoms are considered. In such a case, the computing time can be reduced by using high-performance computing approaches.
Results obtained for Maybridge database. Finally, a study has been conducted to show the utility of OpR, i.e. it can find good quality solutions when possible.
The effectiveness of OpR has been analyzed when it is executed with the Maybridge database considering hydrogens. In particular, a set of query compounds were selected from such a database. The choice procedure was carried out as follows: the Maybridge dataset was initially sorted according to the number of atoms of the compounds and split into 38 intervals. Then, a single compound was randomly chosen for each interval. Table 8 summarizes the obtained results. In particular, it is shown: (i) the number nC of compounds with a number of atoms included in the interval ∈ i j nA [ , ); (ii) the randomly selected query from such an interval, and (iii) the other molecule from Maybridge (BestComp) with the highest shape similarity value (Tc) according to OpR. The last row of the table shows the total number of compounds with nA < 95 (resp. nA ≥ 95) and the average Tc value. Notice that there exist intervals with 0 compounds, we note those cases by including '−' in the corresponding columns.
As can be seen in Table 8 , OpR obtains an average Tc value of 0.940 for queries with nA < 95. This is not rare since the number of compounds with less than 95 atoms is equal to 53370, so the probability of finding similar molecules is relatively high. On the contrary, the average Tc value obtained by OpR for molecules with more than 95 atoms is equal to 0.637, which is not a bad figure if we consider that only 29 out of 53399 molecules have more than 95 atoms. Even so, OpR obtains good quality solutions for queries with more than 95 atoms. See for example, the instances JFD0120 and JFD0063, with 96 and 104 atoms, respectively. For those two cases, OpR has found compounds with Tc values of 0.930 and 0.875, even when the number of molecules with similar sizes is not high. Let focus now on the worst cases, i.e. those where OpR obtains the lowest Tc values. They are JFD02950 and JFD02946 with 180 and 135 atoms, respectively. Notice that there are not molecules in the database with similar sizes. More precisely, there are just 10 molecules, including JFD02950 and JFD02946, with ∈ nA [135, 190) . Therefore, the probability of discovering similar molecules in terms of shape is very low, since the most likely is that they do not exist. Then, from the results, it is possible to infer that OpR finds a high-quality solution to a given query when it exists in the corresponding database.
Conclusions and Future Work
This work has introduced the SSM OptiPharm, based on novel metaheuristic approaches and illustrated its performance in terms of prediction accuracy and running time when processing well-known benchmarks such as DUD, and in addition FDA dataset. Comparison made with WEGA show that OptiPharm offers the same predictive accuracy but at a much lower computational cost (average speedup is 5x). Another of the advantages of the method compared with WEGA is that its optimization algorithm is easily parameterizable so that very different heuristic schemes can be tested, and so it adapts itself to a given database depending on the average molecular size Table 6 . DUD database with hydrogens. For each query compound, the average AUC value and the mean running time (in seconds) over 100 independent executions were computed with both OpR and OpF. For the sake of completeness, the SD is also provided for both OpR and OpF versions. The last row of the and topology, to name a few. Also, bearing in mind that OptiPharm, unlike WEGA, allows optimizing including the hydrogen atoms of the compounds. Results have shown that its consideration improves the predictions, although it is more costly from a computational point of view. High-performance computing approaches may be a good alternative to deal with this drawback. OptiPharm has been designed with parallelism in mind. Notice that each pose in the population can generate a new offspring without the participation of the remaining quaternions in the population, meaning that the Reproduction method can be easily parallelized by dividing the poses in the population among the available T ab le 7. DUD-E database with hydrogens. For each query compound, the average AUC value and the mean running time (in seconds) over 100 independent executions were computed with both OpR and OpF. For the sake of completeness, the standard deviation SD is also provided for both OpR and OpF versions. The last row of the processing units. Similarly, the poses can also be enhanced by distributing them in the Improvement procedure. This means that OptiPharm can be drastically accelerated by using high-performance computing with practically no effort. In the future, several programming paradigms based on both shared and distributed memory architectures will be implemented and analyzed. In particular, a parallel version of OptiPharm will be implemented to be executed on GPUs, and compared with the GPU-accelerated WEGA 58 .
Availability of Data and Materials
The databases belong to their authors and access to them depends on any applicable restrictions. OptiPharm software is available upon request via email.
[ Table 8 . Maybridge database. The number nC of queries from the database with a number of atoms ∈ i j nA [ , ) is shown. From each interval, a query has been randomly selected, and the other molecule from the database (BestComp) with the highest Tc has been computed by using OpR. Note that the score Tc is equal to 1 when the query compound is compared with itself for all the instances, so that BestComp really represents the second most similar molecule to the query.
